Canada is committed to reducing its greenhouse gas emissions to 6% below 1990 amounts between 2008 and 2012, and methane is one of several greenhouse gases being targeted for reduction. Methane production from ruminants is one area in which the agriculture sector can contribute to reducing our global impact. Through mathematical modeling, we can further our understanding of factors that control methane production, improve national or global greenhouse gas inventories, and investigate mitigation strategies to reduce overall emissions. The purpose of this study was to compile an extensive database of methane production values measured on beef cattle, and to generate linear and nonlinear equations to predict methane production from variables that describe the diet. Extant methane prediction equations were also evaluated. The linear equation developed with the smallest root mean square prediction error (RMSPE, % observed mean) and residual variance ( . Extant equations from a previous publication by the authors performed comparably with, if not better than in some cases, the newly developed equations. Equation selection by users should be based on RV and RMSPE analysis, input variables available to the user, and the diet fed, because the equation selected must account for divergence from a "normal" diet (e.g., highconcentrate diets, high-fat diets).
INTRODUCTION
As a result of signing the Kyoto protocol in 1998, Canada is committed to reducing its greenhouse gas emissions to 6% below 1990 amounts between 2008 and 2012 (Environment Canada, 2005 , and this includes gases such as CO 2 , N 2 O, and CH 4 . Methane production from ruminants is one area in which the agriculture sector can contribute to reducing overall greenhouse gas emissions because CH 4 from ruminants accounts for 72% of the total CH 4 emissions of Canada (Environment Canada, 2005) .
Country-and world-wide inventories are based on mathematical models that are also important in developing mitigation strategies to reduce emissions. Both mechanistic and regression models aid in improving our understanding of CH 4 production by animals and allow evaluation of the causes of change and variation in CH 4 production. Although several CH 4 regression equations exist in the literature (Kriss, 1930; Axelsson, 1949; Blaxter and Clapperton, 1965; Moe and Tyrrell, 1979; Mills et al., 2003) , some require input variables that are not commonly available, whereas others were developed for different classes of animals (e.g., dairy vs. beef) or feeding regimens (as reviewed by Ellis et al., 2007) . Equations developed by Ellis et al. (2007) , based on a North American and Canadian beef and dairy cattle literature database, performed better than other extant CH 4 prediction equations. The purpose of the current study is to 1) collect an extensive northern United States and Canadian beef cattle database of CH 4 emissions, consisting of individual animal data as opposed to treatment averages available in the literature; 2) to generate linear and nonlinear equations containing combinations of variables that describe the diet, including ratios of nonfiber to fiber carbohydrate components, to determine whether any improvements in CH 4 prediction over the beef equations of Ellis et al. (2007) could be obtained; and 3) to challenge the beef cattle equations developed by Ellis et al. (2007) with the current database.
MATERIALS AND METHODS
Animal Care and Use Committee approval was not required for this study because the data were obtained from an existing database, as outlined in Table 1 .
Database
The database compiled for this study (Table 1) consisted of 872 CH 4 data points of published and unpublished data from 12 studies conducted at the University of Alberta (Alberta, Canada) and at the Lethbridge Research Centre of Agriculture and Agri-Food Canada (Alberta, Canada) . Data sets included measurements of CH 4 production, descriptions of the animals (e.g., BW, ADG, and breed), chemical composition of the diet, and supplementation. Missing values for diet composition were replaced with North American averages from Conrad et al. (1982) and NRC (1996 NRC ( , 2001 . Most data sets had information on DMI, energy content of the diet, NDF, ADF, CP, ash, fat, and lignin, whereas starch, sugar, cellulose (CEL), and hemicellulose (HC) were frequently calculated values or taken from North American averages. The range of dietary variables, across study, are reported in Table 2 . Some variables in Table 2 were calculated from other variables reported in the database. For example, nonfiber carbohydrate (NFC) was determined as NFC% = 100 − (CP% + Fat% + Ash% + NDF%), where CP, fat, ash, and NDF were observed values; starch was calculated as a percentage of nonstructural carbohydrate (NSC; NRC, 2000) ; and Sugar% = 100 − Starch (% of NSC; NRC, 2001) . The difference between NSC and NFC is that NFC includes pectin, sugar, and starch, whereas NSC includes only sugar and starch.
More than one-half the database came from pairedcattle, whole-animal respiration calorimetry studies, whereas the other measurements came from open-circuit indirect calorimetry studies using head-hoods or sulfur hexafluoride (SF 6 ) tracer technique studies (Table 1). The head-hood calorimetry and SF 6 studies were pooled to represent studies in which CH 4 production represented only eructated CH 4 , and were compared with the whole-animal chamber calorimetry measures.
In 3 unpublished studies by R. J. Christopherson, G. K. Murdoch, G. Mathison, E. K. Okine, W. T. Dixon, and V. E. Baracos of University of Alberta, Edmonton, Alberta (Table 1) , all animals received monensin (Elanco, Ontario, Canada) with their concentrate ration. Within the trial, the effect of monensin was, however, confounded with restricted intake. In the context of this paper, the effect of monensin is also confounded with study. The effect of monensin on CH 4 production (MJ/d and % of GE intake) was therefore not analyzed in this study, but the data were kept as a valuable addition to the database because they provided a wider range of intake values.
Statistical Analysis
Linear Models. The main effects of dietary variables [DMI, ME intake (MEI) MJ/d, forage %, NDF, ADF, CP, lignin, fat, CEL, HC, starch, sugar, and NFC, all in kg/d unless otherwise stated], the ratios of dietary variables (NFC:NDF, Starch:NDF, NFC:ADF, Starch:ADF), and combinations of the above were analyzed for inclusion in linear models by using PROC MIXED (SAS Inst. Inc., Cary, NC).
The mixed model analysis was chosen because the data were compiled from multiple studies and multiple sites. Therefore, it was necessary to consider analyzing not only fixed effects of the dependent variables, but also random effects.
The significance of random effects was tested in the MIXED model by using the CLASS statement before equation development commenced to ensure that the proper model was generated. The random effects of site (P < 0.0001), study (P < 0.0001), study(site) (P < 0.0001), experimental unit(study site) (P < 0.0001) and period(experimental unit study site) (P = 0.15) were tested for significance (declared at P ≤ 0.05), where terms in parentheses indicate the nesting of effects, and the experimental unit represented either chamber (where paired chambers were used) or animal. The study(site) effect was significant and was therefore included in the model. This accounted for study or site differences such as physiological status of the animals, experimental design, measurement methods, techniques, and varying laboratory technicians (St-Pierre, 2001 ). Treating the study(site) effect as a random effect causes the equation parameter estimates to be estimated first within each study, and then averaged to obtain the overall parameter estimates. (This is opposed to plotting all the data, across study, and obtaining an overall regression; St-Pierre, 2001.) Another important factor to consider for this analysis was that within study(site), measures were typically repeated on experimental units across period as well as on the same experimental unit within period, creating an additional level of relatedness within the data. Although the experimental unit(study site) effect was significant when analyzed as a random effect (P < 0.0001), it is better described by the repeated statement in PROC MIXED because the RANDOM statement in PROC MIXED codes the G matrix, and not the R (residual) matrix (SAS Inst. Inc.). With repeated measures, relationships among elements of the R matrix must be represented and estimated. Thus, to account for repeated measurements taken over time on the same unit, experimental unit(study site) was included in the model as a repeated statement. Averaging the repeated measures within cow was also considered; however, when comparing the model run with the repeated statement vs. the model run without the statement but with replicates averaged, the former resulted in slightly smaller Bayesian information criterion (BIC) values, a The degree of asymmetry of a distribution around its mean, where 0 ± 2 × SE s = normal.
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statistical criterion used for model selection, indicating a better fit of the model (SAS Inst. Inc.). If, when running the model, the random covariance or the random slope was not significant (P > 0.05), it was removed from the model (St-Pierre, 2001 ). The joint distribution of random effects was assumed to be multivariate normal and the dual quasi-Newton technique was used for optimization, with adaptive Gaussian quadrature as the integration method. Analysis was performed with the assumption that variance distribution for the estimates followed a multivariate normal distribution.
Nonlinear Models. Biological relationships are seldom linear over a wide range of values; therefore, nonlinear relationships between CH 4 production (MJ/d) and dietary variables (Table 2) were also considered. The PROC NLMIXED in SAS was used to parameterize either a modified nonlinear Mitscherlich (Mits; rise to plateau; Eq. 1) or a Gaussian (rise to peak; Eq. 2) equation to describe the relationship:
where, for the Mits equation, parameter a represents the maximum potential CH 4 production, parameter b was fixed at zero to represent zero methanogenesis at zero intake, and parameter c controls the rate of change with variable x. For the Gaussian equation, parameter a represents the maximum potential CH 4 production, parameter b controls the rate of change of CH 4 production with x, and x 0 indicates where the peak in the curve occurs. Parameters a, b, c, and x 0 were fitted to the beef database by using the NLMIXED procedure. The NLMIXED procedure does not accommodate both random and repeated statements; therefore, observations made on the same experimental unit with the same treatment were averaged. This procedure reduced the overall sample size from 879 to 424. A random statement was included within the NLMIXED code to account for the effect of study, but nesting could not be evaluated.
To account for the study effect, an additive random term was added to Eq. 1 and 2. Additive random terms should have been added to parameters a and c (Eq. 1) separately, on top of the fixed effects, but attempts to do this resulted in nonconvergence of the models. Consequently, the model across studies has an implicit (0,0) intercept, but the regressions for each study do not have this property. They are sets of parallel curves with intercepts shifted according to the BLUP for the effect of each study.
In addition to these simple nonlinear equations, parameter c in the Mits equation was replaced with a linear equation containing a ratio (e.g., NFC:NDF) that will control the rate of increase of the curve relative to DMI, similar to the work described by Mills et al. (2003) . Dry matter intake was selected to scale the model (parameter x) over MEI because of convergence problems with MEI in the linear modeling section. The data were first divided into 4 equal groups, each representing an increase in the average ratio value (NFC:NDF, starch:NDF, NFC:ADF, or starch:ADF). A Mits curve was then fitted to each of the 4 subsets of data separately, using DMI as the x variable, and a and c values were determined. The relationship between the average ratio for each of the 4 groups and the c values for each of the 4 groups was then plotted, and linear equations were developed. These linear equations, containing one of the above ratios, were then put into the Mits equation in place of the c variable.
Extant Models. The predictive ability of some simple CH 4 prediction equations developed in an earlier study (Ellis et al., 2007) , as well as equations by Kriss (1930) , Axelsson (1949) , Blaxter and Clapperton (1965;  as modified by Wilkerson et al., 1995) , Moe and Tyrrell (1979) , and Mills et al. (2003) were challenged with this database. The extant equations are presented in Table  3 . These equations were selected for comparison because they are commonly used and their input variables were obtainable from the compiled database.
Model Evaluation. Residual variance (RV) and BIC values were reported for the developed equations as an indicator of the goodness of model fit. Variance attributable to the study effect (SV) was also reported. Models developed in this study and extant models were also evaluated using the mean square prediction error (MSPE), calculated as
where O i is the observed value, and P i is the predicted value. Square root of the MSPE (RMSPE), expressed as a proportion of the observed mean, gives an estimate of the overall prediction error. Root MSPE values are expressed relative to the observed mean so that comparisons of RMSPE (%) values can be made between equations with different predicted means, and so that deviations from observed values can be evaluated. The RMSPE was decomposed into random error (ED), error attributable to deviation of the regression slope from unity (ER), and error attributable to overall bias (ECT; Bibby and Toutenburg, 1977) . Concordance correlation coefficients (CCC; Lin, 1989) were also calculated as an evaluation of the precision and accuracy of predicted vs. observed values for the models. The CCC estimate is the product of 2 components: 1) the R, which is a measure of precision (deviation of observations from the best fit line), and 2) a bias correction factor (C b ), which indicates how far the regression line deviates from the line of unity (accuracy). Another estimate (µ) that measures location shift relative to the product of 2 SD is also reported, where a negative value indicates underprediction and a positive value indicates overprediction of observed values by the model.
RESULTS AND DISCUSSION

Methane Collection Method
The effect of CH 4 collection method (whole-animal calorimetry vs. SF 6 and hood calorimetry) within the PROC MIXED model of SAS was not significant when CH 4 was expressed in megajoules per day (P = 0.12) or as a percentage of GE intake (P = 0.15). Because there was no difference between measurement techniques, whole-animal calorimetry, hood calorimetry, and SF 6 data were pooled in this study and were not evaluated separately.
Linear Regression Models
As a follow-up to the study by Ellis et al. (2007) , in this study regression analysis was conducted, using the MIXED model described above, on a more extensive database of animal data, which included dietary variables not available previously. Ellis et al. (2007) examined both beef and dairy data, whereas this study focused on only beef cattle data. Although many more equations and variable combinations were evaluated in this study than those presented, for simplicity, equations duplicating those developed in Ellis et al. (2007) are not reported, and only the top 12 equations from the analysis are reported here.
Considerably less use of North American averages for diet variables was required for the current study compared with those used by Ellis et al. (2007) . The list of available variables used in this regression analysis is reported in Table 2 . Although book variables are likely to contain more error than measured values, the variables NFC, starch, HC, and CEL were frequently significantly related to CH 4 production and were therefore generally included in the regression equations in this study. All diet-based linear regression equations developed in this study are reported in Table 4 , and all equation parameters were significant at P ≤ 0.05.
Previous work by Moe and Tyrrell (1979) revealed that NFC, HC, and CEL were good predictors of CH 4 production. However, Ellis et al. (2007) found that MEI, forage percentage, NDF, and ADF were also strongly related to CH 4 production, and were good alternative predictors when accurate estimates of NFC, starch, HC, and CEL were not available. One of the challenges faced by Ellis et al. (2007) was that within the equation used to calculate NFC, many input variables were North American averages. Because each average will contain some degree of error, combining them within this equation resulted in considerable error in the calculated NFC value; thus, NFC, or any value calculated from it, was not used for regression analysis in that study. In contrast, only observed values were used to calculate NFC in this study; thus, the value of NFC contains considerably less error. The minimum and maximum values as well as skewness and kurtosis estimators of the database were examined ( Table 2 ). The minimum and maximum values indicate an acceptable range of values. The skewness and kurtosis values indicate the degree of asymmetry of a distribution around its mean and characterize the relative peakedness or flatness of a distribution compared with a normal distribution, respectively (Table 2 ). For each skewness and kurtosis value, 0 ± 2 × SE represents "normal" distributions. Results indicate that some variables have nonnormal distributions, and this may have contributed to nonconvergence of some models. Residual variance (MJ/d) and BIC were used to evaluate how well the models in Table 4 described the database. In both cases (RV and BIC), smaller values indicate a better fit. It seems, however, that the BIC values were more strongly influenced by the structure of the MIXED model used than by the equations developed themselves. For example, Eq. D and K had exceptionally low BIC values, which were due to removal of nonsignificant random slopes. The random slopes were kept in for the other equations, however. The equations reported in Tables 4 and 5 are those that had the smallest RV values, in combination with the smallest RMSPE values, of the approximately 25 equations developed.
In this study, many calculated variables (e.g., NFC, CEL, HC, starch) in the equations gave rise to smaller RV and RMSPE values (Tables 4 and 5 ). Results showed that Eq. H and I resulted in the smallest RMSPE values (27.6 and 26.9, respectively) and the smallest RV values (1.12 and 1.13, respectively), and 87 and 94% of RMSPE, respectively, was attributable to random error (Table 5) . Equation H also had one of the smallest BIC values of those reported (Table 5) , and Eq. I had one of the smallest CCC values (next to Eq. K). Each had a tendency for a slight overestimation, as indicated by the small positive µ value (Table 5) . These 2 equations include the variables sugar and forage percentage (Eq. H), and MEI, CEL, HC, and fat (Eq. I). For each of these equations, SV was small and nonsignificant. A plot of predicted vs. observed CH 4 for Eq. I is presented in Figure 1 .
Many of the simpler equations resulted in comparably low RMSPE and RV values (Table 5 ). For example, Eq. B contains only CEL and has a RMSPE value of 28.1, 95% of which is due to random error (Table 5) . It does, however, have a larger RV value (1.68). In addition, Eq. G, containing NDF and starch, has a low RV (1.19), a comparably low RMSPE (30.8), and 96% of RMSPE attributable to random error. Equation G did, however, have a high and significant SV estimate. Equation selection should be based on what variables are available, how well the equations have been shown to perform, and possibly by specific dietary scenarios; for example, if high concentrations of fat are being supplemented in the diet, an equation containing the variable fat would be desirable (i.e., Eq. I). With lipid supplementation of diets, the effect of fat can override naturally occurring rumen fermentation; thus, an equation that does not include fat may not accurately predict CH 4 production.
In addition to the dietary variables examined above, it was also of interest to investigate relative proportions of dietary variables in determining CH 4 production. Mills et al. (2003) attempted this with a nonlinear equation using a starch:ADF ratio to predict CH 4 production in dairy cattle, and this equation is evaluated in a subsequent section of this study. It is well known that high-forage diets promote acetate production in the rumen, which results in H production that can then be used for methanogenesis (Kebreab et al., 2006) . In contrast, high-grain diets promote propionate production in the rumen, which competes with methanogens for available H. It seems that the proportion of these 2 types of substrates has a large influence on the amount of CH 4 produced in the rumen. This could also explain why forage percentage showed up in one of the better fitting simple linear models from the previous section (Eq. H). Because of this, ratio-based linear equations that account for these proportions were also developed (Table 6 ). The ratios of NFC:NDF, NFC:ADF, Pearson correlation coefficient. 10 Bias correction factor. 11 Location shift relative to the scale (squared difference of the means relative to the product of 2 SD). *Significant at P ≤ 0.05. shown in Table 6 . It is possible that, in general, less error exists within estimated DMI as compared with MEI, and this may explain convergence with DMIbased, but not with MEI-based, equations. A pattern of smaller RMSPE values for DMI-based equations compared with MEI-based equations was also found by Ellis et al. (2007) . Results of ratio equation analysis are shown in Table 7 and show that these simple equations compete well with the more extensive linear equations developed in Table 3 and evaluated in Table 4 . Overall, the equations containing ratios including ADF resulted in the smallest RMSPE values (28.8 and 28.6 for Eq. O and P, respectively), with 96% of that error from random sources and having the smallest RV values and the greatest CCC values (Table 7) among the linear ratio equations. Equations O and P contained ratios of NFC:ADF and starch:ADF, respectively, and predicted CH 4 (MJ/d) with very similar RV, RMSPE, and ED% values (Table 7) . Equation P could be said to perform slightly better in terms of RMSPE and CCC, but Eq. O had only slightly smaller RV and BIC values. The values in general were very close, and either equation could be used with approximately the same accuracy and precision. Both equations did, however, have a significant SV value. A plot of predicted vs. observed CH 4 for Eq. P is presented in Figure 1 . These equations may prove useful in describing the major influences of diet composition on CH 4 production in unsupplemented cattle. These equations account for overall intake amount and are a proxy for the balance between acetate and propionate production in the rumen. Overall, the best of the more complex linear equations (i.e., Eq. H and I; Tables 4 and 5) performed better than the best ratio equations (above), likely because their multiple and varying input variables describe more aspects of the diet than the simple ratio equations.
Nonlinear Regression Models
Although linear equations adequately describe the relationships discussed in this study, biological relationships are typically better described by nonlinear curves, where rates of increase or decrease tend to diminish instead of remaining constant. The disadvantage of using this approach is that nonlinear equations can be more difficult to fit. Visual examination of several relationships within this study suggested that a nonlinear equation may fit the data relating dietary variables to CH 4 production better than the linear counterpart.
The majority of the nonlinear curves developed were based on the Mits equation and represent Eq. Q to W and W 1 to W 3 (Table 8 ). The nonlinear relationship based simply on DMI (Eq. W) resulted in the smallest RMSPE values among the simple nonlinear equations (30.0), with 93% of this error coming from random sources (Table 9 ) and having a midrange RV value (3.06). The other nonlinear equations performed similarly to each other in terms of RMSPE (Table 9 ). The best fitting models based on RV were Eq. U (RV = 2.66) and R (RV = 2.82), based on NDF and ADF, respectively, although Eq. U had a significant SV value. All the nonlinear models had smaller BIC values than the linear equations, likely because of the added complexities described in the linear models (repeated terms, etc.) that cannot be represented in a nonlinear model. The linear equations describing the relationships between CH 4 and the variables used in Table 8 are not presented in this paper (with the exception of DMI; Table 4 ). For equations involving NDF, ADF, and MEI, the nonlinear equations resulted in smaller RMSPE values and greater CCC values compared with their linear counterparts, suggesting that these relationships are indeed better described by a nonlinear curve within the range of values tested here. For fat, HC, lignin, and DMI, RMSPE increased or stayed the same when the equation was made nonlinear. The linear equation involving fat was not significant, so no comparison is available for this variable. Because the relationship was nonsignificant when it was linear and significant when it was nonlinear, it is better described by the nonlinear curve.
Equation X is a Gaussian curve, whereas all the other nonlinear equations follow a Mits curve. Equation X is based on forage percentage in the diet. The Gaussian curve was selected because of a visual plot of the data, and it is more biologically sensible. When the forage percentage of the diet is low, CH 4 production is characteristically low, reflecting the shift in VFA produced in the rumen toward propionate production. As the amount of forage increases in the diet, acetate production increases and is associated with an increase in H production. As more H is available, CH 4 produc- Methane production in beef cattle tion increases. It has, however, been shown that with very high forage diets, CH 4 production again begins to decline, likely because of an increase in passage rate through the rumen, decreased ruminal digestion of starch, increased digestion of NDF, and increased ruminal microbial efficiency, decreasing the amount of substrate on which methanogenesis can occur (Benchaar et al., 2001) . This relationship results in a curve with a peak, as seen with the Gaussian equation. Equation X resulted in one of the smaller RMSPE values among the nonlinear equations and had more than 98% of its error attributable to random error. It also had one of the greater CCC values among the simple nonlinear equations (Table 9 ). In addition to these simple nonlinear equations, parameter c in the Mits equation was replaced with a linear equation containing a ratio (e.g., NFC:NDF) so that this ratio would control the rate of increase of the curve relative to DMI, similar to the work described by Mills et al. (2003) . The result was Eq. W 1 to W 3 in Table 8 . The relationship including the ratio starch:NDF was not significant and thus is not included in the table.
Results for these equations are presented in Table 9 , and show that the equation using the NFC:NDF ratio (Eq. W 3 ) resulted in the smallest RMSPE value (27.9), 95% of which was due to random error. It did, however, have a slightly smaller CCC value than the other 2 nonlinear ratio equations, although the ratio-based nonlinear equations, in general, resulted in an improvement in CCC values compared with the regular nonlinear equations (Table 9 ). However, these equations had greater RMSPE values than their linear counterparts in Tables 6 and 7, suggesting that a linear relationship, within the range of values tested, may better describe the data.
Extant Regression Equations
The extant regression equations of Ellis et al. (2007) were evaluated by using the current database to challenge the equations using a database separate from the one with which they were developed. Because a limited number of research groups are measuring CH 4 production from cattle in Canada, individual animal data for one study used in Ellis et al. (2007) was used in the current study (Beauchemin and McGinn, 2005) . However, the data used in the current study were for individual paired animals, whereas treatment averages Root mean square prediction error, expressed as a percentage of the observed mean.
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were used by Ellis et al. (2007) . Furthermore, this study used more extensive knowledge of the diet and animal factors. The overall effect of this study was not expected to be great, because the database had a sample size of 96, whereas the entire database had a sample size of 872. The extant equations of Ellis et al. (2007) are presented in Table 3 , along with the equations of Kriss (1930) , Axelsson (1949) , Moe and Tyrrell (1979) , Blaxter and Clapperton (1965), and Mills et al. (2003) . In addition to the equations of Mills et al. (2003) evaluated in Ellis et al. (2007) , Mits Eq. 3 from Mills et al. (2003) was evaluated here because the input variables were available. Evaluation of the extant equations is presented in Table 10 . Equations that performed best in terms of RMSPE were Eq. 9b, 10b, and 13b from Ellis et al. (2007) , with RMSPE values of 25.9, 27.5, and 26.4, respectively. These 3 equations also had the greatest proportions of their RMSPE coming from random sources and had the greatest CCC values among the extant equations of Ellis et al. (2007) . A plot of predicted vs. observed CH 4 for Eq. 9b is presented in Figure 1 . Equation 9b included the effects of MEI and forage percentage, Eq. 10b included DMI and forage percentage, and Eq. 13b included MEI, NDF, and forage percentage. These equations performed comparably with, if not better than in some cases, the equations developed in the current study and represent simple equations that could be easily applied given limited input variables. The extant equations of Kriss (1930) , Axelsson (1949) , Blaxter and Clapperton (1965) , Tyrrell (1979), and Mills et al. (2003) were also evaluated. In Ellis et al. (2007) , the equation of Blaxter and Clapperton (1965) resulted in the smallest RMSPE value for the extant equations tested against the beef database (RMSPE = 19.1, 79.3% random error), followed by the Mits Eq. 2 of Mills et al. (2003; RMSPE = 28.7, 95% random error) . In the current study, the equation of Moe and Tyrrell (1979) , containing the effects of NFC, CEL, and HC, performed best and had the smallest RMSPE value (29.9, 74% random error), followed by the equation of Blaxter and Clapperton (1965) , which had an RMSPE value of 36.5, with 56% attributable to random error. A plot of predicted vs. observed CH 4 for the equation of Moe and Tyrrell (1979) is presented in Figure 1 . Better calculation of NFC in this study, along with a better description of the diet from which to calculate HC and CEL, likely allowed these variables to surpass others in terms of CH 4 prediction. In general, these equations had significant proportions of their RMSPE error from non-random sources (Table 9 ). This is probably the result of the equations being developed for dairy cows or sheep, on their typical diets, whereas this study focused on beef cattle and typical beef cattle diets. Beef and dairy cattle diets can differ significantly, most notably in the ratio of forage:concentrate. It may also relate to the types of diets used to develop the extant equations, which may differ substantially from typical Canadian ingredients (i.e., feeding grass forages vs. corn silages). The Mits Eq. 3 of Mills et al. (2003 ; Table  3 ) produced a high RMSPE value of 302 when tested on this database, 93.7% of which was due to deviation of the regression slope from unity. This equation was the inspiration for the ratio and nonlinear ratio equations developed earlier in this paper, the concept being that the balance between starch and ADF determines the rate of increase of CH 4 as DMI or MEI increases. This equation, however, was developed on dairy cattle and on typical dairy diets in Europe, whereas the current study focuses on beef cattle and typical beef diets Pearson correlation coefficient. 10 Bias correction factor. 11 Location shift relative to the scale (squared difference of the means relative to the product of 2 SD). *Significant at P ≤ 0.05.
fed in North America. The Mits Eq. 3 produced large negative numbers as estimates of CH 4 production for diets that were very high in grain and very low in forage content (e.g., a typical finishing diet), and this is the cause of the very large RMSPE. It produced reasonably sensible numbers for other diets, albeit perhaps on the side of underestimation. The current study and the current database challenged the equation of Mills et al. (2003) outside the values on which it was developed (greater starch and sugar content of the diet, less forage intake, different feeds), and the results suggest it should be reparameterized for work with beef cattle diets, as was done with the development of equations of a similar style in this study. Although the extant equations perform adequately, the beef-specific equations of Ellis et al. (2007) or the beef-specific equations developed in the current study are recommended over the other extant equations. In summary, in this study linear and nonlinear regression equations were developed to predict CH 4 (MJ/d) production from dietary variables and ratios of dietary variables, as well as to challenge some extant equations by using an independent beef database. Some of the best equations are presented in Figure 1 . Among the simple linear equations developed, Eq. G, H, and I resulted in the smallest RMSPE (30.8, 27.6, and 26.9, respectively) and RV values (1.19, 1.12, and 1.13, respectively), with Eq. G and I having more than 94% of the RMSPE attributable to random error. The best linear equation (Eq. I) included the variables MEI, CEL, HC, and fat. Among the linear ratio equations developed, the best performing equations contained an NFC:ADF or starch:ADF ratio plus DMI (Eq. O and P; RMSPE = 28.8 and 28.6, RV = 1.35 and 1.35, respectively).
For the extant equations of Ellis et al. (2007) evaluated, the equations that performed best in terms of RM-SPE were Eq. 9b, 10b, and 13b, with RMSPE values of 25.9, 27.5, and 26.4, respectively. The best equation (Eq. 9b) included the effects of MEI and forage percentage. Among the other extant equations evaluated, the equation of Moe and Tyrrell (1979) performed well and had the smallest RMSPE value (29.9, 74% random error), followed by the equation of Blaxter and Clapperton (1965) , which had a RMSPE value of 36.5, with 56% attributable to random error.
In general, Ellis et al. (2007) reported smaller RM-SPE values for developed and extant equations than the values reported for the equations developed and evaluated in this paper. This is likely due to the use of individual cow data in this study, which contain more variation than the treatment mean values used for model development in the former study. Many of the Bias correction factor.
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variables not available for incorporation into prediction equations in Ellis et al. (2007) , such as starch, NFC, CEL, HC, were available for analysis in this paper and resulted in greater accuracy of predicted CH 4 production than did other variables (i.e., DMI, MEI, forage percentage, NDF, etc.) when evaluated on this database. This is in agreement with the findings of others (Moe and Tyrrell, 1979; Mills et al., 2003) . The equations of Ellis et al. (2007) , however, particularly those containing DMI, MEI, NDF, and forage percentage, performed exceptionally when challenged by using this database, indicating that these commonly measured variables may predict CH 4 production just as well as, if not better than, variables such as starch, NFC, CEL, and HC, which are often not available. It is likely that the best equation from which to predict CH 4 production will depend on the diet being fed, and whether the equation captures the most important variables relevant to a beef animal on a particular diet. For example, when predicting CH 4 production from an animal fed a high-grain diet, some aspect of NFC, starch, or forage percentage should be included. For an animal being fed a high-fat diet, an equation containing the variable fat should be used. In this respect, some of the linear equations containing multiple input variables spanning several aspects of the diet that may typically vary may be the best equation choice. Perhaps Eq. I, which performed well and included multiple aspects of the diet, would be the best choice. These new equations should, however, be challenged on an independent beef cattle database.
Although the extant models evaluated (i.e., Blaxter and Clapperton, 1965; Moe and Tyrrell, 1979) performed adequately, the new equations developed in the current study, as well as those developed by Ellis et al. (2007) , showed an improvement in prediction and may be more specific to modern North American beef cattle production conditions. These more accurate and robust prediction equations are preferable when considering mitigation options or calculating national CH 4 emissions.
